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With an ever-growing human population and a finite amount of arable land, the ability to produce 
higher yields with fewer inputs has become increasingly imperative. Improving photosynthetic efficiency 
at the leaf level, especially leaf CO2 uptake (𝐴𝑠𝑎𝑡) is an approach to not only bettering crop yields, but 
also optimizing water and nutrient use efficiency. As the world’s second most cultivated crop, improving 
photosynthesis in Oryza sativa would have positive implications for millions worldwide who are 
dependent on rice for their economic livelihoods and the majority of their dietary calories. In this study, 
44 accessions representing all five rice subpopulations from the larger Rice Diversity Panel 1 (RDP1) 
were phenotyped for photosynthetic efficiency at the International Rice Research Institute (IRRI) in Los 
Baños, Philippines. Phenotyping of both physiological and biochemical traits allowed for an in depth 
understanding of overall photosynthetic activity at the genotype and subpopulation levels. This study 
found that there are significant differences for individual components of photosynthetic efficiency 
between the subpopulations of rice. Differences between subpopulations were found at the biochemical 
level for carboxylation efficiency, maximum rate of carboxylation (𝑉𝑐𝑚𝑎𝑥) maximum electron transport 
rate (𝐽𝑚𝑎𝑥), and triose-phosphate use (TPU) limitations – among 25 other traits.   For example, 
subpopulation tropical japonica had the highest values for both 𝑉𝑐𝑚𝑎𝑥 and 𝐽𝑚𝑎𝑥, and demonstrated 
11.9% and 19% higher rates for both traits respectively when compared with the lowest performing 
subpopulations. These differences were more pronounced at the accession level when genotypes were 
compared against the control IR64, confirming a wealth of natural variation that might be exploited to 
improve photosynthetic efficiency in cultivated rice. Examining existing natural genetic variation allows 
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Rice is one of the most important staple grains and accounts for the majority of dietary calories 
for millions of people - particularly in eastern and southern Asia where 90% of global rice production 
occurs (Mohanty, 2013). Improving the productivity of rice not only ensures a continued food source for 
millions of people, but also safeguards the economic livelihoods of farmers dependent on rice cultvation 
to support both themselves and their families. India, China and Indonesia are the three largest rice 
producing countries.  During the 1970s and 1980s, following the green revolution, productivity per 
hectare of land increased by over 30% per decade.  However, this slowed to less than 10% in the first 
decade of this century as the genetic changes key to the green revolution, in particular harvest index, 
approach their biological limits (Long, 2014; Long et al. 2015).  New innovations and approaches are 
needed if necessary future increases are to be achieved.  Achieved photosynthetic efficiency in our 
major crops falls well below the theoretical maximum, suggesting an opportunity to increase yields 
should variation exist or be capable of being created (Zhu et al. 2008, 2010).  Improving photosynthesis 
is widely considered to be an effective strategy for boosting crop productivity while also reducing the 
amount of inputs needed for cultivation, such as nitrogen and water (Long et al., 2015). In a planet with 
an increasingly volatile climate, breeding or engineering crop plants with greater photosynthetic 
efficiency may be one way to cope with climate change while feeding a growing global population on 
less arable land. Developing rice varieties that are more resource-efficient will also allow farmers to be 
more productive with fewer inputs while alleviating some of the environmental impacts associated with 
rice cultivation. However, in order to adequately improve photosynthetic efficiency a greater 
understanding of the preexisting natural genetic variation for photosynthetic traits, and their 
heritability, must be achieved. Through this understanding of natural variation scientists can begin to 
understand trait phenotypes in preexisting germplasm and the genetic factors underlying 





Rice and its Subpopulations 
The global importance of rice as a food staple cannot be overstated. It is consumed widely 
across many cultures, with development of rice varieties occurring in over 82 countries (Zhao et al., 
2011). In 2014 paddy rice accounted for over 162 million hectares of harvested area resulting in almost 
741.5 million metric tons of rice produced (FAO Stat, 2017). Rice production globally is only second to 
maize which produced over 1 billion metric tons in 2014, yet rice is a greater direct source of human 
calories (FAO Stat, 2017). However, rice is the single most important crop throughout Asia, with Asian 
countries being the major producer and consumer of rice. In addition to being a vital source of food, rice 
is also an extremely important economic commodity throughout Asia. Of the 327 trillion USD gross 
production value of rice in 2014, over 302 trillion USD were generated in Asia (FAO Stat, 2017). Ensuring 
rice productivity in the future, particularly cultivars suitable for wide cultivation in South, Southeast, and 
East Asia, will help provide necessary calories while also powering the agricultural economies of these 
rapidly developing nations.  
Oryza sativa, also known as cultivated Asian rice, is the domesticated descendant of the 
perennial wild grass O. rufipogon and O. nivara (Sweeney and McCouch, 2007). Rice is thought to have 
been first domesticated approximately 9000 years ago in the Yangtze River basin in China (Molina et al., 
2011), but it is unclear whether modern rice is the result of one or multiple domestication events. 
Multiple studies indicate that indica and japonica rice varietals come from genetically distinct gene 
pools, suggesting that there was more than one domestication event in cultivated rice history (Sweeney 
and McCouch, 2007; Garris et al., 2005; Huang et al., 2012; Kim et al., 2016). However, some major 
alleles related to domestication are found in all varietal groups as opposed to being exclusive to specific 
subpopulations, which in contrast to the genome-wide association study (GWAS) analysis would indicate 
a potential single origin for rice (Kovach et al., 2007).  Additionally, indica and tropical japonica 





diverting only ~3900 years ago, which would be consistent with a single origin of rice domestication 
(Molina et al., 2011).  
Independent of how rice and its distinct subpopulations came to existence, there are currently 
five rice subpopulations: indica, temperate japonica, tropical japonica, aromatic, and aus (Zhao, 2011). 
Indica and japonica are the two major lineages and were previously believed to be the only 
subpopulations in existence. However, six subpopulations were identified in 1987 after isoenzyme 
analysis and then reduced to the current five after further analysis of DNA from different rice lineages 
(Glaszmann, 1987; Garris, 2005). In addition to the five subpopulations there are cultivars that classify as 
being admixed, in which less than 60% of the ancestry falls into a single subpopulation (Ali et al., 2011). 
Different subpopulations are typically restricted to specific environments. For example, indica varieties 
are typically grown in lowlands across Asia, while some japonica varieties grow in East Asia or in the 
highlands of South and Southeast Asia (Garris, 2005).  In addition to having a more similar genetic 
background, accessions within the same subpopulation often display similarities in grain qualities, time 
to maturity, and disease resistance (Zhao et al., 2011). Studies examining the evolutionary history of the 
subpopulations of rice have found that temperate japonica and tropical japonica are most closely 
related to each other, while aus and indica subpopulations share the closest genetic relationship. 
Aromatic varieties are most closely related to tropical japonica varieties, although phenotypically they 
more closely resemble accessions found in the indica and aus subpopulations (Ali et al., 2011). 
Diversity panels have been developed aiming to account for all the phenotypic diversity present 
in the over 127,000 accessions of O. sativa held at the International Rice Genebank (IRRI, 2017). A 
diversity panel is a collection of germplasm or samples that are from a variety of places or genetic 
backgrounds. Several widely utilized diversity panels have been created to better understand rice 
physiology, the evolutionary histories of the different rice subpopulations, and to complement 





several genome-wide association studies in which morphological traits related to agronomic 
performance and grain quality were examined, however, none were directly related to photosynthesis 
(Zhao et al., 2011). Other panels, such as the Phenomics of Rice Adaptation and Yield Potential (PRAY) 
panels, formed exclusively of indica or tropical japonica varieties, and the 3000 Rice Genome Project (3K 
RGP) Panel, comprised of over 3000 fully sequenced rice varieties, have also been widely utilized to 
understand and further improve rice (GRiSP, 2017; Li et al., 2014). But again, few studies in 
photosynthesis have been conducted within these panels (personal communication, Robert Coe).  
 
Improving Photosynthesis 
The photosynthetic pathway is arguably one of the most important processes on our planet, 
influencing the Earth’s climate and underlying the survival of almost all organisms. Photosynthesis helps 
to maintain the constant energy flux that is needed to sustain life on Earth and keep an active biosphere 
(Hohmann-Marriott et al., 2011). Despite this importance at a global level, photosynthetic efficiency was 
not traditionally considered as a relevant trait for plant breeding. Instead, breeders preferred to 
concentrate their efforts on improving traits with direct visible benefits such as disease resistance, stress 
tolerance, grain quality, and other important agronomic traits. This is partially due to the time and 
resource intensive nature of accurately measuring photosynthesis on a large scale.  
Additionally, previous studies have suggested high photosynthetic levels may not always 
translate into larger yields, as leaf level photosynthetic rates do not scale linearly to canopy level and as 
a result are often not directly correlated to grain yield (Evans and Dunstone, 1970). Indeed, from an 
evolutionary perspective the relationship between photosynthetic rate and development of modern 
cultivars may not be clear-cut.  In studies that have examined the photosynthetic rate of wild relatives of 
domesticated rice, the wild relatives often display higher levels of photosynthetic efficiency than their 





necessary for a modern, high yield variety (Giuliani et al., 2013; Zhao et al., 2008). However, wild 
progenitors of rice would not have the same level of photosynthate partitioning efficiency as 
domesticated rice varieties.  
To explain the rationale behind the idea to utilize photosynthetic efficiency for gains in yield, it is 
useful to consider the equation for yield potential by Monteith (1977), where four different factors 
influence yield potential (𝑌𝑃): 
𝑌𝑃 = 𝑄 × 𝜀𝑖 × 𝜀𝑝 × 𝜀𝑐 
 
Q represents the amount of photosynthetically-active solar radiation received by per unit area 
of crop land over the growing season, 𝜀𝑖  represents the efficiency at which the plant leaf intercepts 
sunlight, while 𝜀𝑝 represents the harvest index, i.e. the fraction of harvestable product relative to total 
accumulated biomass. The last symbol, 𝜀𝑐, represents the conversion efficiency which strongly relates to 
photosynthetic efficiency (Monteith, 1977; Long et al., 2015). Conversion efficiency is the amount of 
energy that is intercepted by the plant and converted into biomass.  Since the Green Revolution, 
breeders have traditionally enhanced crop yield by improving the partitioning index and optimizing sink-
source relationships within the plant. Through these diligent breeding programs 𝜀𝑖  and 𝜀𝑝 have been 
optimized extensively and may already approach their full potential in modern varieties (Zhu et al., 
2010). Perhaps as a result, annual yield increases have been reaching a point of stagnation – with gains 
in yield decreasing every year (Long et al., 2014). However, little improvement in 𝜀𝑐  has been made. 
Currently, the theoretical maximum for 𝜀𝑐  in C3 species is 0.1, while the observed maximum has been 
0.024 (Zhu et al., 2010). This gap between theoretical and observed maximums provides a significant 
opportunity for optimization of genetic yield potential via photosynthesis. Additional evidence in 





Enrichment (FACE). Here, the increase in photosynthetic efficiency as a result of elevated CO2 translated 
into increases in yield of 12% across several studies (Ainsworth, 2008). Interestingly, FACE studies with a 
new hybrid rice cultivar showed substantially higher improvement of up to 30% (Yang et al., 2009).  
So how can photosynthetic efficiency be improved? Since the photosynthetic pathway is 
understood in substantial detail, this has allowed development of realistic mathematical simulation 
models, which were subsequently used to identify several bottlenecks and inefficiencies (Zhu et al., 
2007). Some identified inefficiencies include Sedoheptulose-1, 7-bisphosphatase (SBPase), an important 
enzyme in the Calvin Cycle regulating ribulose 1,5 -bisphosphate (RuBP) regeneration, and Fructose 1,6 -
bisphosphatase (FBPase), a key enzyme involved in carbon assimilation (Lefebvre et al., 2005; Daie, 
1993). If these inefficiencies can be mitigated through either the up- or downregulation of key 
bottleneck enzymes, this would result in photosynthesis being consequently improved as a whole, 
improving the conversion efficiency coefficient (Zhu et al., 2007; Long et al., 2015).  
There are several initiatives underway aiming to improve the photosynthetic capabilities of 
other major food and biofuel crops. Effort has been placed in designing a more efficient Rubisco, 
engineering a bypass for oxygenation in C3 photosynthesis, accelerating relaxation of non-
photochemical quenching, identifying and improving QTL for photosynthetic efficiency or capacity, and 
creating a rice plant with C4 photosynthesis and Kranz anatomy (Long et al., 2015; Kromdijk and 
Glowacka et al., 2016; Gu et al., 2012; Adachi et al., 2014; Covshoff and Hibberd, 2012). Attempts to 
improve photosynthesis have not been limited to rice. There are several initiatives underway aiming to 
improve the photosynthetic capabilities of other major food and biofuel crops. A more comprehensive 
understanding of natural genetic variation of photosynthesis in rice could also aid these larger, over-
arching projects targeting photosynthesis, and indicate if a non-transgenic approach to increasing 






Natural Genetic Variation and its Importance  
Natural genetic variation is the naturally occurring genetic diversity in distribution for a trait 
within or between species. Natural genetic variation is an essential driver for evolution, with neither 
natural nor artificial selection being possible without preexisting variation for a trait (Fernie, 2006). 
Within many traits - especially complex, quantitative traits - there can be a large distribution of 
phenotypes associated with the different genetic backgrounds of individual genotypes or species. The 
larger degree of variance, the more readily the trait can be improved or bred to fit the desired qualities 
of the breeder (Acquaah, 2012).  
Currently, we are reliant upon a small portion of all available germplasm, despite there being 
tens of thousands of cultivars at our disposal. As a result, there are many untapped germplasm sources 
that could be used to improve photosynthesis (Flood, 2011; Gu et al., 2013). Without knowing the 
degree of natural genetic variation present it is difficult to incorporate new breeding objectives or 
cultivars into breeding programs. More thoroughly understanding natural genetic variation in crop 
plants would allow breeders and plant physiologists alike to understand where the variation for specific 
traits in crops exists and how it could be exploited (Fernie, 2006). Additionally, characterizing the natural 
genetic variation in a crop plant can lead to the identification of accessions with desirable combinations 
of traits or phenotypic patterns. Prior studies have highlighted the importance of quantifying natural 
genetic variation, considering its utilization essential to increase food security and agricultural 
sustainability (Fernie, 2006).  
Previously, other studies have examined natural genetic variation of photosynthetic traits in 
other food staples, such as wheat (Triticum aestivum) and soy (Glycine max). These studies found that 
there are significant differences between the accessions phenotyped. Both wheat and soy exhibited a 
large range of values for biochemical photosynthetic traits like CO2 assimilation (𝐴𝑠𝑎𝑡), maximum rate of 





Studies conducted on rice photosynthesis have focused on NGV between a few commercial 
cultivars and various wild rice relatives, identifying variation across the genus (Zhao et al., 2008). 
Although commercial cultivars have been developed with introgressions from wild species, 
understanding the natural genetic variation of photosynthetic traits in domesticated rice could be a 
quicker and easier way to improve O. sativa without reproductive barriers.  
 
Project Objectives 
In this study 44 accessions representing all five subpopulations within O. sativa were selected 
from the larger RDP1. Rice plants were grown to the flowering stage in a screen house and several key 
photosynthetic traits were evaluated during the course of development to understand photosynthetic 
efficiency in each accession and subpopulation as a whole. Overall, 29 photosynthetic traits were 
measured during this experiment. The accessions and the traits were then analyzed to understand the 
magnitude of natural genetic variation in rice photosynthesis and the relationship between different 
traits. After training and initial experimental work in the greenhouse facilities at the University of Illinois, 
the core experimental work reported was conducted over two main periods.  Once in the dry season 
(March – June 2016) and once in the wet season (June – September 2016) at the International Rice 
Research Institute (IRR) in the Philippines.  This was the first time that natural genetic variation of 
photosynthesis in rice has been examined on so many accessions for such a wide range of 
photosynthetic parameters while attempting to establish differences or patterns between individual 









The objectives of this study were:  
(i) To examine and quantify phenotypic diversity for photosynthetic traits in rice across the 
selected 44 accessions, identifying both low and high performing varieties and varieties with 
desirable trait combinations;  
(ii) To compare the performance of the control accession, IR64, against all other accessions;  
(iii) To examine and compare photosynthetic efficiency between all five subpopulations of 
cultivated rice, determining most contrasting subpopulations for selected photosynthetic 
traits of interest;  



















MATERIALS AND METHODS 
Germplasm 
This study utilized the Rice Diversity Panel 1 (RDP1), which encompassed over 400 elite and 
landrace genotypes from all major cultivation regions in the world. All varieties included in this panel 
were purified homozygous lines. In addition to accounting for geographic diversity, RDP1 included 
varieties from all five of the rice subpopulations, including some admixed varieties. Due to RDP1’s size, a 
subset of accessions were selected to more manageably and effectively phenotype photosynthesis. 
Germplasm from the 44 chosen accessions were obtained from the International Rice Genebank at IRRI, 
Los Baños, Philippines (Table 4, Figure 7). Accessions from within the diversity panel were chosen to 
represent all five genetic subpopulations of rice while also encompassing many diverse geographic 
regions from across the world (Table 4, Figure 7).  For this study IR64 was chosen as the control, due to 
the wealth of information available from previous studies, its scientific and agricultural relevance, and 








Figure 1. A composite photo with a representative plant for each accession from those grown for the 
present study. All photos were taken during the mid-tillering stage at IRRI in May 2016 (Dry season) and 
show the visual phenotypic differences between accessions in terms of plant height, plant architecture, 
and greenness. Accession names and their corresponding subpopulation are listed as follows: 1 – 
Agostano, Temperate Japonica; 2 – NSF-TV 5 – Aromatic; 3 – Arias, Tropical Japonica; 4 - Asse y Pung, 
Tropical Japonica, 5 – Basmati, Aromatic; 6 – Bico Branco, Aromatic; 7 – BJ1, Aus; 8 – Black Gora, Aus; 9 
– Chau, Indica; 10 – Chiem Chanh, Indica; 11 – Chinese, Temperate Japonica; 12 – Dee Geo Woo Gen, 
Indica; 13 – Dhala Shiatta, Aus; 14 – Dom-sufid, Aus; 15 – DV85, Aus; 16 – Firooz, Aromatic; 17 – 
Fortuna, Tropical Japonica; 18 – Geumobyeo, Temperate Japonica; 19 – Gotak Gatik, Tropical Japonica; 
20 – Guan-Yin-Tsan, Indica; 21 – Jaya, Indica; 22 – Jhona 349, Aus; 23 – Kasalath, Aus; 24 – Khao Gaew, 
Aus; 25 – Kitrana 508, Aromatic; 26 – Koshihikari, Temperate Japonica; 27 – Lemont, Tropical Japonica; 
28 – Mansaku, Temperate Japonica; 29 – NSF-TV 107, Tropical Japonica; 30 – Moroberekan, Tropical 
Japonica; 31 – Mudgo, Indica; 32 – Norin 20, Temperate Japonica; 33 – Phudugey, Aus; 34 – Rathuwee, 
Indica; 35 – Shinriki, Temperate Japonica; 36 – Shoemed, Temperate Japonica; 37 – Suweon, Temperate 
Japonica; 38 – T1, Aus; 39 – TeQing, Indica; 40 – Taducan, Indica; 41 – Trembese, Tropical Japonica; 42 – 








All plants were grown in Los Baños, Laguna, Philippines at IRRI. Seeds were incubated in ovens 
at 50 ℃ for seven days to break dormancy and then planted directly into soil from the IRRI Upland Farm 
in small individual pots for root establishment (36cm x 21cm x 10cm). Seedlings were kept in a 
screenhouse in natural conditions with no additional lighting or temperature control and were watered 
twice daily through a spray irrigation system. Afterwards, seedlings were transplanted into 6L pots at 14 
days after sowing with one seedling per pot. The pots remained in the screenhouse and were constantly 
flooded through drip irrigation. The pots were maintained throughout the entire experiment to remove 
weeds and any form of pest pressure, while 0.4g/L of Osmocote Plus 15-9-12 (The Scotts Company Ltd., 
Thorne UK) fertilizer was applied two days after transplanting. There were no apparent issues with 
weeds, pest or pathogen pressure, or nutrient deficiencies throughout the duration of the growing 
seasons.  
The experiment was conducted twice, once in the dry season (March-June 2016) and again in 
the wet season (June-September 2016). As a result of lower density, i.e.  one plant per pot, rice plants 
tillered more and were higher than would occur at normal field planting densities. Additionally, visible 
differences were seen between the plants grown in the dry and wet season, with plants grown in the dry 
season growing more vigorously and rapidly. Wet season plants took longer to reach mid-tillering, most 
likely due to the lower light levels from constantly overcast skies.  
 
Traits Measured  
Due to limited time and resources not all of the measurements that were taken in the dry 
season were also performed in the wet season. Data for quantum yield, traits derived from microscopy, 
and chlorophyll extracts were not collected during the wet season trial. Overall, 29 photosynthetic traits 






Table 1. List of all traits related to photosynthesis for which 44 Oryza sativa accessions were phenotyped 
over the course of the 2016 wet and dry seasons at IRRI in Los Banos, Philippines. Traits that were only 
measured in the dry season (March-June 2016) are denoted with an asterisk.  
 
List of Traits Measured  
Light-saturated CO2 Assimilation (𝑨𝒔𝒂𝒕) Chlorophyll A Content* 
Stomatal Conductance (gs) Chlorophyll B Content* 
Intercellular CO2 Concentration (Ci) Ratio Chlorophyll A : Chlorophyll B* 
Evapotranspiration (E)  Total Chlorophyll Content* 
Intrinsic Water Use Efficiency (A/gs) Specific Leaf Area 
(A/E) Leaf Nitrogen Content 
Compensation Point (Γ) Leaf Carbon Content 
Carboxylation Efficiency δ13C 
Maximum Rate of Carboxylation (𝑽𝒄𝒎𝒂𝒙) Leaf Thickness* 
Maximum Electron Transport Rate (𝑱𝒎𝒂𝒙) Intervein Distance* 
TPU Limitation Number of Major Veins* 
Quantum Yield (Φ ) * Number of Minor Veins* 
Leaf Weight Ratio Major Veins:Minor Veins* 
Leaf Area Chlorophyll Absorbtance (via SPAD) 
Stomatal Limitation (L)  
 
 
Gas Exchange Measurements 
All gas exchange measurements were made with open gas-exchange systems incorporating 
infra-red CO2 and water vapor analyzers incorporating climate controlled measurement cuvettes (LI-
6400, LI-COR Inc., Lincoln, Nebraska, USA). Measurements of light-saturated CO2 assimilation of the 
youngest fully expanded leaf were performed twice for each growing season. Five plants were measured 
per accession, with IR64 acting as control and being measured directly before and after measurements 
on the other accessions. The relative humidity in the cuvette was kept between 65-70%, with a block 
temperature of 27 ℃, 𝐶𝑂2concentration of 400 ppm, and a saturating light intensity of 1800 𝜇𝑚𝑜𝑙 m
-2 s-
1. Leaves were clamped in the cuvette and values were recorded after gas exchange was allowed to 
reach steady state. This light intensity was chosen based on prior light response curves to determine 
saturating light. Two rounds of light-saturated gas exchange measurements were completed per 





measurements taking place during mid-tillering. In each case, all accessions were evaluated on the same 
day between 8:00 to 10:30 am. 
Response curves to CO2 and light intensity were also taken, with three plants measured per 
accession as measurements were more time intensive. Measurements were taken from 8:00am to 
12:30pm over the course of two days. Two rounds of A/Ci curves were carried out, the first during early 
mid-tillering, the second in later mid-tillering – as the plants approached their reproductive stage, but 
prior to booting. Some accessions were omitted from the second round of A/Ci curves since they were 
flowering and had already reached the booting stage. Cuvette conditions were the same as previously 
mentioned with measurements being taken at the following CO2 concentrations (ppm): 40, 70, 100, 
200, 300, 400, 800, 1000, 1500, 1800.  
Stomatal limitation (L) was calculated by using the following equation, in which A’’ is equal to 
theoretic photosynthetic assimilation rate at 400ppm and A’ is equal to the observed value for 






Light response curves (A/Q) were also performed from 8:00am to 12:30pm with three plants per 
accession during the mid-tillering stage. Cuvette conditions were as given above for light-saturated 
measurements, except for light intensity which was varied between 0, 50, 100, 200, 400, 800, 1000, 
1500, 1800 µmol m-2 s-1.  
 
Chlorophyll Extraction and SPAD Measurements 
Chlorophyll extractions were performed in conjunction with intact leaf absorptence 
measurements made with a chlorophyll absorptance meter (SPAD 502 Plus Chlorophyll Meter, Spectrum 





leaves were chosen per accession to measure chlorophyll absorptance at mid-tillering. Leaf sections 
(2 𝑐𝑚2) were collected immediately after the leaf greeness measurement and placed in vials filled with 
10mL of cooled acetone solution to extract and quantify chlorophyll content. The vials were kept 
refrigerated and in darkness for 5-6 days until the leaf disks had turned white and all chlorophyll had 
been extracted. 1mL of the chlorophyll solution was removed for analysis in a mass spectrometer at 640 
nm, 663 nm, and 750 nm wavelengths to quantify chlorophyll a, chlorophyll b, and total chlorophyll 
content.  Chlorophyll extractions were only carried out on the plants grown in the dry season. SPAD 
measurements were taken in both the dry and wet seasons.  
 
Specific Leaf Area, Leaf Weight, and Leaf Area 
Specific leaf area (SLA), leaf weight, and leaf area, were calculated from the youngest fully 
expanded leaf of the primary or secondary tiller. Leaf samples were collected during mid-tillering with 
three leaves collected per accession. Leaf area was immediately measured with an area meter (LI-3100C, 
LI-COR Inc., Lincoln, Nebraska, USA) after leaf removal. Afterwards, leaves were dried to constant weight 
over one week at 50 ℃.  SLA was then determined dividing leaf area by dry weight.  
 
Leaf Nitrogen Content, Leaf Carbon Content, and Carbon Isotope ratio 
Samples from the youngest fully expanded leaf were collected immediately after the second 
round of light saturated CO2 assimilation measurements during the mid-tillering stage of development. 
Three leaves were collected per accession and dried after collection for five days in an oven at 50 °C. 
Dried leaf tissue was then shipped from IRRI to the University of Illinois at Urbana-Champaign. At the 
University of Illinois, the samples were ground, weighed, and analyzed using an elemental analyzer 





(LCC), and Carbon Isotope ratio (δ13C, 13C/12C ratio expressed as per mille offset relative to the Pee Dee 
Belemnite standard).  
  
Microscopy: Inter-vein Distance, Major to Minor Vein Ratio, Leaf Thickness 
Microscopy images from transverse leaf sections were obtained with the support of the 
microscopy team at the C4 Rice Center. 2cm strips of leaves were collected from the newest fully 
expanded leaf from three plants per accession. The strips were then rinsed with distilled water and then 
cleared of chlorophyll and other pigments by first soaking them in 90% ethanol and heating them to 
70℃ and afterwards replacing them in a solution of 10% bleach and 5% sodium hydroxide and heat 
again for one minute at 70℃. After the leaf strips were cleared they were stained with 5% Toluidine blue 
solution for 30 seconds, with all excess stain being rinsed off with distilled water. Samples were 
mounted on slides and viewed using a Brightfield microscope. Leaf samples were also collected for 
autofluorescence to see cell structure and the presence of chloroplasts. For these an additional 2cm leaf 
samples were collected from the youngest fully expanded leaf. Leaf midrib was removed from the 
sample and the leaves were cut into 5x5mm sections. Samples were placed directly in 25% 
glutaraldehyde-75% H2O solution and vacuum sealed. Leaves were then sliced transversely, left 
overnight at 4C in the fixative and then mounted. The samples were then viewed with a fluorescence 
digital imaging binocular microscope with a red fluorescent protein (RFP) filter for chlorophyll 
autofluorescence and a (4',6-diamidino-2-phenylindole) DAPI filter to view the cell walls (Olympus BX61, 
Olympus Corp., Tokyo, Japan). Both of these are fluorescent stains.  
 
Statistical Analyses 
Datasets for each trait were checked for normality of residuals and homogeneity of variances. A 





Traits that did not meet normality assumption were analyzed with use of Kruskal-Wallis test, while data 
with non-homogeneous variances were transformed using Box-Cox to meet assumptions. Differences 
between means was determined with use of least square difference (LSD) test using a Bonferroni 
correction to adjust p values. Comparisons were made between accessions and between 
subpopulations. Principal Component Analysis (PCA) and a Canonical Discriminant Analysis (CDA) using 
the results from the PCA  were performed to determine if there was clustering of accessions from the 
same subpopulations and consequent presence of population structure for the phenotyped 
photosynthetic traits. All statistical analyses were conducted in R 3.3.2 (The R Foundation, USA) and SAS 






















Phenotypic diversity across the 44 accessions 
These data collected over the course of two seasons demonstrate the large phenotypic variation 
present for photosynthesis and photosynthetic component traits in rice. 𝐴𝑠𝑎𝑡  means per accession 
ranged from 24.2 to 32.3 𝜇𝑚𝑜𝑙 𝑚−2𝑠−1 with an overall mean of 27.9 𝜇𝑚𝑜𝑙 𝑚−2𝑠−1 (Table 10). This 
equated to a difference of 33% between the lowest performing accession and the highest performing 
one. Meanwhile, means for component trait such as 𝑉𝑐𝑚𝑎𝑥 varied from 121.2 𝜇𝑚𝑜𝑙 𝑚
−2𝑠−1 to 
182.3 𝜇𝑚𝑜𝑙 𝑚−2𝑠−1 and  𝐽𝑚𝑎𝑥encompassed mean values from 126.2 𝜇𝑚𝑜𝑙 𝑚
−2𝑠−1 to 210.7 
𝜇𝑚𝑜𝑙 𝑚−2𝑠−1 over the two growing seasons (Table 10). This large amount of variation can also be seen 
visually in the distributions for different traits (Fig 2, Table 2) and reflects the phenotypic diversity seen 
in the composite with a plant from each accession (Fig 1). The traits that did not vary between 
accessions were morphological such as the total number of major veins and the ratio of chlorophyll a to 
chlorophyll b. (Table 2)  
Interestingly, the diversity of values seen between accessions was also represented in the 
different combination of phenotypes for closely linked photosynthetic traits. In Figure 2 accessions  
measured in the dry season are ordered sequentially from smallest to largest mean value for , 𝐴𝑠𝑎𝑡.  
𝑉𝑐𝑚𝑎𝑥, and 𝐽𝑚𝑎𝑥 were then plotted below in the same accession order. These results indicate that some 
accessions with very high levels of , 𝐴𝑠𝑎𝑡, such as cultivars NSF-TV5 and Chinese, do not necessarily have 
high values for 𝐽𝑚𝑎𝑥 or 𝑉𝑐𝑚𝑎𝑥 relative to other accessions. While cultivar NSF-TV107 showed high values 
for both 𝐽𝑚𝑎𝑥 and 𝑉𝑐𝑚𝑎𝑥  its performance for 𝐴𝑠𝑎𝑡 fell towards the middle of the distribution. Although 
the correlation between 𝑉𝑐𝑚𝑎𝑥 and 𝐽𝑚𝑎𝑥 is well documented and confirmed for this data set in Figure 3, 
it shows that high values for 𝐴𝑠𝑎𝑡 do not always equate high values for 𝐽𝑚𝑎𝑥  or 𝑉𝑐𝑚𝑎𝑥, which could be a 
result of lower stomatal conductance. Similar graphs are also provided for the wet season in the 





Table 2. This table shows differences for combined seasonal data (dry and wet season) between 
accessions, subpopulations, and seasons taking into consideration the interaction of subpopulation, 
season, and accession nested within subpopulation. The traits marked with “*” were only measured 
during the dry season, due to time and resource limitations in the wet season.  
 
Max Min Mean Median Acces-
sion 






𝑨𝒔𝒂𝒕 40.68 12.8 27.89 28.29 <.0001 0.4748 <.0001 0.4312 <.0001 0.1138 
𝒈𝒔 1.696 0.1469 0.710 0.676 <.0001 <.0001 0.0248 <.0001 <.0001 <.0001 
𝑪𝒊 325.7 206.2 286.5 288.4 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 
E 20.8 3.561 11.25 11.18 <.0001 0.0056 <.0001 0.0002 <.0001 <.0001 
T 41.61 27.6 31.8 31.22 <.0001 <.0001 <.0001 0.0025 <.0001 <.0001 
iWUE 94.97 18.37 42.21 40.85 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 
A/E 5.599 1.338 2.575 2.548 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 
Carboxylation 0.223 0.0642 0.140 0.14 0.0003 <.0001 <.0001 <.0001 <.0001 <.0001 
Γ 80.39 44.71 57.69 56.7 0.0011 0.0323 <.0001 0.1124 <.0001 <.0001 
𝑽𝒄𝒎𝒂𝒙 249 84 146.4 142 <.0001 0.0004 <.0001 0.0204 <.0001 <.0001 
𝑱𝒎𝒂𝒙  269 73 167.7 165.8 <.0001 <.0001 0.0008 0.0007 <.0001 0.0071 
TPU 19.6 6.1 11.59 11.4 <.0001 <.0001 <.0001 0.0019 <.0001 0.0003 
Stomatal 
Limitation (L) 
0.3347 .0115 0.1366 0.1326 <.0001 <.0001 <.0001 0.5021 <.0001 0.0773 
Leaf Weight 0.95 0.0842 0.329 0.289 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 
Leaf Area 173.8 16.99 71.77 63.8 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 
SLA 449.9 140 221.9 219.4 <.0001 <.0001 0.0194 0.0001 <.0001 0.1644 
SPAD 54.6 27.9 41.89 42.65 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 
LCC 43.9 21.47 39.35 39.39 <.0001 <.0001 0.0001 <.0001 <.001 <.0001 
13C -31.02 -27.2 -29.07 -29 <.0001 0.0034 <.0001 0.098 <.0001 0.7667 
LNC 5.21 1.89 3.778 3.775 <.0001 0.0047 0.0028 0.002 <.0001 <.0001 
Φ* 0.1139 0.034 0.0701 0.07 0.0006 <.0001 NA NA <.0001 NA 
IVD* 289.8 168.9 231.4 231.2 <.0001 <.0001 NA NA <.0001 NA 
Leaf 
Thickness* 
146.7 62.3 95.38 91.65 <.0001 <.0001 NA NA <.0001 NA 
Major Veins* 7 3 4.803 5 0.887 0.5455 NA NA 0.939 NA 
Minor Veins* 31 13 19.28 19 0.194 0.1178 NA NA 0.193 NA 
Vein Ratio* 7 3 4.356 4 0.0668 0.607 NA NA 0.0129 NA 
Chl A* 462.5 97.44 256.4 250.2 0.2034 0.003 NA NA 0.0255 NA 
Chl B* 241.1 41.56 97.2 92.79 0.0002 <.0001 NA NA <.0001 NA 
Chl A+B* 648.7 162.4 353.6 344 0.0004 <.0001 NA NA <.0001 NA 









Figure 2. Boxplots of 𝐴𝑠𝑎𝑡, 𝐽𝑚𝑎𝑥, and 𝑉𝑐𝑚𝑎𝑥  values for all 44 sampled Oryza sativa accessions during the 
dry season. The boxplots are ordered by the mean values of 𝐴𝑠𝑎𝑡 and IR64 is singled out with the red 
arrows. For 𝐴𝑠𝑎𝑡, 10 replicates are included. For 𝐽𝑚𝑎𝑥 and 𝑉𝑐𝑚𝑎𝑥, at least 3 replicates are included in the 






IR64 and other accessions of interest 
The accession with the highest mean for 𝐴𝑠𝑎𝑡 across both seasons was Chiem Chanh, an indica 
variety (Figure 9). The lowest performing accession for 𝐴𝑠𝑎𝑡 was Asse y Pung, a tropical japonica variety 
(Figure 9). The means were 32.3 𝜇𝑚𝑜𝑙 𝑚−2𝑠−1and 24.2 𝜇𝑚𝑜𝑙 𝑚−2𝑠−1 respectively. The control, IR64 
exhibited an 𝐴𝑠𝑎𝑡  mean of 28.2 𝜇𝑚𝑜𝑙 𝑚
−2𝑠−1 falling into the same mean discrimination groups as the 
top and low performing cultivars (Table B7).  Chiem Chanh additionally had the highest mean value for  
𝐽𝑚𝑎𝑥 and the second highest mean for 𝑉𝑐𝑚𝑎𝑥 (Figure 2, Figure 9) 
When the leaf anatomy of the top performing cultivar, Chiem Chanh, was compared with low 
performing cultivar, Asse Y Pung, large differences are evident in leaf structure (Fig 10a, 10b). Chiem 
Chanh had significantly lower interveinal distance (IVD) and leaf thickness. However, a subsequent 
correlation analysis seeking to relate photosynthetic traits to each other showed that there is no 
significant relationship between 𝐴𝑠𝑎𝑡 and IVD or leaf thickness (Fig 11). Significant correlations were 
found between traits such as chlorophyll content and leaf nitrogen content, however, few correlations 
were seen between photosynthetic component traits derived from saturated light measurements or 
response curves (Fig 11).  
Relative to other accessions, photosynthetic parameters of IR64 typically fell in the middle of 
the distribution, with other accessions performing higher or lower. This was the case in both growing 
seasons and numerous rounds of measurements (Fig 2, Fig 9 and 8). IR64 was outperformed by other 
accessions for key traits of interest such as 𝐴𝑠𝑎𝑡, 𝐽𝑚𝑎𝑥, 𝑉𝑐𝑚𝑎𝑥, and Φ (Table 10).  However, IR64 had the 
highest level of LNC across both seasons when compared to all accessions, indicating low nutrient use 
efficiency (NUE) (Table 10). However, IR64 performed very well for iWUE (Figure 3A). Visually, this 
outperformance of IR64 can be seen in both Figure 2 and Figure 4a where IR64 is highlighted in red. In 





𝐽𝑚𝑎𝑥 and 𝑉𝑐𝑚𝑎𝑥 for the dry season. When 𝑉𝑐𝑚𝑎𝑥 was plotted over 𝐽𝑚𝑎𝑥, the correlation between the 
two traits for IR64 was 0.5604 while the R-squared of all combined genotypes was 0.6108.   
 
Figure 3. Regression of 𝐴𝑠𝑎𝑡 plotted over 𝑔𝑠 for combined seasonal data (dry and wet season) The R-
squared value corresponds to the straight fit line, while the curved line represents a nonparametric fit to 
the data. Accessions of interest are circled in red and labeled with the accession name. 
 
 Intrinsic water use efficiency is determined by the ratio of 𝐴𝑠𝑎𝑡 to stomatal conductance (𝑔𝑠). 
Since 𝐴𝑠𝑎𝑡 and 𝑔𝑠 are positively correlated it is typical to find accessions with high iWUE that display 
lower 𝐴𝑠𝑎𝑡 and lower 𝑔𝑠. However, some accessions from this panel were found that had favorable trait 
combinations that allowed higher levels of iWUE without sacrificing 𝐴𝑠𝑎𝑡 (Figure 3A). In the dry season, 
aus variety Black Gora had relatively high 𝐴𝑠𝑎𝑡 values while also maintaining lower 𝑔𝑠. Other varieties 
with high levels of 𝐴𝑠𝑎𝑡  and low values for 𝑔𝑠 included Shoemed, Norin 20, Guemobyeo, and 






Figure 4. (A) Shows the correlation of 𝑉𝑐𝑚𝑎𝑥 plotted over 𝐽𝑚𝑎𝑥 for the dry season, in which IR64 is 
differentiated from all other accessions in red. (B) shows the correlation of 𝑉𝑐𝑚𝑎𝑥 over𝐽𝑚𝑎𝑥 for the same 
seasonal data, but separated by subpopulations. In both graphs the straight line represents R-squared, 








Phenotypic diversity across the 5 subpopulations 
In addition to differences between accessions, significant differences were observed among 
subpopulations for nearly all photosynthetic traits (Table 2). The trait that most notably did not vary 
significantly was 𝐴𝑠𝑎𝑡. The means for 𝐴𝑠𝑎𝑡 were very similar with only a 3.3% and non-significant 
difference between the top performing subpopulation mean, tropical japonica, and the lowest 
performing, aromatic (Figure 4). This was in strong contrast with the significant differences in  𝐴𝑠𝑎𝑡 
found between accessions (Table 2, Figure 2). 
However, photosynthetic parameters such as carboxylation efficiency, quantum yield (Φ),  𝐽𝑚𝑎𝑥, and 
𝑉𝑐𝑚𝑎𝑥 were all significantly different between subpopulations for combined seasonal data. Indica and 
tropical japonica had the highest means for 𝐽𝑚𝑎𝑥 and 𝑉𝑐𝑚𝑎𝑥, while aromatic varieties were consistently 
the worst (Figure 5). The difference between aromatic and the top performing subpopulation was 19% 
for 𝐽𝑚𝑎𝑥 and 11.9% for 𝑉𝑐𝑚𝑎𝑥 (Table 11). Significant differences were also present for iWUE, with 
temperate japonica outperforming other subpopulations and with an average iWUE of 46.4 
𝜇𝑚𝑜𝑙 CO2 𝑚𝑜𝑙
−1 H2O. This was 16.9% higher than the average iWUE value for the lowest performing 






Figure 5. Boxplots of 𝐴𝑠𝑎𝑡, iWUE,  𝐽𝑚𝑎𝑥, and 𝑉𝑐𝑚𝑎𝑥,  per subpopulation during the dry growing season. 
There were no significant differences between subpopulation for 𝐴𝑠𝑎𝑡and 𝑉𝑐𝑚𝑎𝑥, but significant 
differences were present for iWUE and  𝐽𝑚𝑎𝑥 between subpopulations. The p-value for each trait is 





From these data general characteristics for the subpopulations could be established. For example, 
temperate japonica was the subpopulation with highest mean value for iWUE and carboxylation 
efficiency, while tropical japonica had the highest mean values for 𝐴𝑠𝑎𝑡, 𝑉𝑐𝑚𝑎𝑥, Φ, and LNC.  Aus 
varieties exhibited worst means for iWUE and consequently highest means for 𝐶𝑖 Aromatic varieties 
performed poorly in 𝐴𝑠𝑎𝑡, 𝐽𝑚𝑎𝑥, 𝑉𝑐𝑚𝑎𝑥 and TPU limitations. Lastly, indica varieties had the highest 
means for Γ and higher means for SLA. Performance between subpopulations can be seen visually in 
Figure 4, where key traits 𝐴𝑠𝑎𝑡, iWUE, 𝐽𝑚𝑎𝑥, and 𝑉𝑐𝑚𝑎𝑥 are plotted over each other. The p-value per 
trait is also included.  The relationship between 𝑉𝑐𝑚𝑎𝑥 and 𝐽𝑚𝑎𝑥  was also further examined within 
subpopulations, suggesting that different subpopulations may have a stronger relationship between 
𝑉𝑐𝑚𝑎𝑥 and 𝐽𝑚𝑎𝑥  than others (Fig. 3b).  
Substantial diversity for photosynthetic traits was also found within the individual subpopulations to 
be statistically significant - not just between accessions or subpopulations (Table 2). Indica exhibited the 
most diversity in 𝐴𝑠𝑎𝑡, with the top accession mean 32.3 𝜇𝑚𝑜𝑙 𝑚
−2𝑠−1 for Chiem Chanh and the lowest 
accession mean 25.0 𝜇𝑚𝑜𝑙 𝑚−2𝑠−1 for Taducan (Table 10). Tropical japonica followed closely behind 
indica for diversity in phenotypic values for 𝐴𝑠𝑎𝑡 (Table 10). Subpopulations with smaller ranges for 
phenotypic values of traits measured, like aromatic varieties, still had significant differences between 
accessions within the subpopulation (Table 2, Table 10) .  
Significant effects were also seen for the interaction between season and subpopulation and the 
interaction of season and accession nested within subpopulation (Table 2). These interactions are 
indicative of how accessions and subpopulations perform differently between seasons, although large 
amounts of phenotypic diversity are observed in the data set, regardless of the season. Traits that did 
not show an interaction between subpopulation and season include 𝐴𝑠𝑎𝑡, compensation point (Γ), and 
δ13C (Table 2).  However, all traits sampled varied significantly from one another from dry to wet season 





carboxylation efficiency means were all higher during the dry season while means for 𝐽𝑚𝑎𝑥, 𝑉𝑐𝑚𝑎𝑥, and 
LNC were higher in the wet season.  
 
Examination of Population structure via Principal Component Analysis and Canonical Discrimination 
Analysis 
The influence of population structure was examined through a principal component analysis (PCA) 
and subsequent canonical discrimination analysis (CDA). A CDA was more appropriate for analysis of the 
principal components (PCs), since there were more than 2 major PCs accounting for the majority of 
proportion of variance in the data. From the PCA it was determined that there were over 29 PCs 
contributing to total proportion of variance. Of those 29, 8 PCs accounted for 81.39% of total variance 
and had an eigenvalue of over 1 (Table 3). The strongest influences on the principal components were 
chlorophyll A content, chlorophyll B content, total chlorophyll content , 𝐴𝑠𝑎𝑡, 𝑔𝑠, compensation point, 
and 𝑉𝑐𝑚𝑎𝑥 (Table 3). Based off their large contribution to proportion of variance these 8 PCs were 













Table 3. In total there were 29 PCs from the PCA, however, only the PCs with an eigen value greater than 
1 were selected to be used in the CDA. This table displays the principal components responsible for the 
largest proportion of variance. In total, the first 8 PCs accounted for 81.39% of total variance. 
Additionally, the first 8 principal components per trait are displayed with traits that had strong influences 
on the principal components (<-0.3 or >0.3) being listed in bold.  
 
PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 
Eigenvalue 7.017901 4.706165 3.252227 2.610863 1.999417 1.631383 1.253123 1.133011 
Proportion of 
Variance 
0.242 0.1623 0.1121 0.09 0.0689 0.0563 0.0432 0.0391 
Variable                                                            Component Correlation Scores 
𝑨𝒔𝒂𝒕 0.09053 0.338329 0.150489 -0.201 0.049377 -0.1119 0.070786 0.152782 
𝒈𝒔 -0.10682 0.400884 -0.14409 0.035085 0.061118 0.067846 0.053822 0.056087 
Ci -0.25573 0.204545 -0.20029 -0.12501 -0.05657 -0.03614 0.080429 -0.0619 
E -0.05754 0.418917 0.008391 -0.03098 -0.05479 0.154516 0.001095 -0.05685 
T 0.019273 -0.067 0.358115 0.165791 -0.10679 0.230814 -0.31602 0.06037 
iWUE 0.182486 -0.32373 0.239472 -0.09226 -0.06012 -0.0654 -0.05317 -0.02299 
A/E 0.187469 -0.27712 0.133421 -0.08509 0.046868 -0.22253 0.063088 0.22072 
Carboxylation 
Efficiency 
0.260884 0.196973 0.105852 -0.17374 0.002288 -0.01228 0.022425 0.129072 
Compensation 
Point 
-0.08502 -0.00389 0.328214 0.191887 -0.18383 0.253193 0.268042 -0.28653 
𝑽𝒄𝒎𝒂𝒙 -0.02847 0.187874 0.349252 0.238803 0.168075 -0.13125 -0.1768 0.030369 
𝑱𝒎𝒂𝒙 0.066571 0.266609 0.25152 0.185304 0.21809 -0.26359 -0.14742 0.015882 
TPU 0.062963 0.202763 0.418118 0.104726 -0.06457 0.137944 0.0968 -0.08215 
Leaf Weight -0.08487 0.009672 -0.02124 0.035591 -0.13559 -0.53631 0.027163 -0.29503 
Leaf Area 0.017781 0.057476 -0.11237 0.462919 0.208141 -0.01126 -0.18012 0.204305 
SLA -0.15373 -0.16114 0.057202 0.043559 -0.14242 0.414099 0.171761 0.384354 
SPAD 0.320932 0.072682 -0.04016 0.063767 -0.01056 -0.0189 0.029528 0.07561 
LCC 0.240493 0.098776 -0.02371 -0.09802 0.034934 -0.09955 0.436592 0.056495 
C13 0.08411 -0.2174 0.10213 0.287113 0.113379 -0.20329 0.244523 0.081686 
LNC 0.190305 0.070488 0.082536 -0.24636 0.206446 0.094055 0.19091 0.280063 
ChlA 0.336626 0.025389 -0.08256 0.04386 -0.10113 0.051804 -0.03089 -0.2449 
ChlB 0.347195 0.001499 -0.03005 -0.03855 -0.12163 0.090119 -0.012 -0.14182 
ChlAB 0.344309 0.017311 -0.06741 0.018671 -0.11431 0.035372 -0.03 -0.22611 
ChlRatio -0.04691 -0.08769 -0.22207 0.284548 0.054798 -0.05784 -0.01903 0.007914 
Quantum 
Yield 
0.195777 0.087717 -0.13577 0.179451 -0.30121 0.157777 -0.04858 -0.22117 
IVD 0.204825 0.056562 -0.28003 0.13637 -0.10625 0.102303 -0.26458 0.277491 
Leaf Thickness 0.279425 0.070337 -0.14513 0.141116 -0.00519 -0.01834 -0.05498 0.174618 
Major Veins -0.04719 0.071857 -0.02316 0.289798 -0.37183 -0.16338 0.421565 0.226698 
Minor Veins 0.048275 -0.00634 -0.11892 0.333807 0.340507 0.141354 0.364728 -0.15411 






The CDA was used to visually display and analyze the data due to the ability to combine several 
PCs into a single multivariate analyze. Since there were 8 important PCs they otherwise could not be 
displayed on a biplot or in three-dimensions, as each PC would require a dimension. The CDA was used 
to analyze the data for the presence of population structure for this photosynthetic data. In Figure 6, the 
accessions are plotted on the two main canonical correlations, accounting for much of the variation in 
the data. As seen in Figure 6A, the accessions are labeled by subpopulation and all of the points are 
mixed. Since there is no discrete clustering of accessions of the same color (by subpopulation) it can be 
determined that there is no population structure on the subpopulation level. Additionally, Table 9a 
displays the error count displays for CDA for between subpopulations and the two major evolutionary 
rice lineages, japonica and indica. The high rate of error and lack of correspondence with the original 
subpopulation proportions (labeled “prior”) are indicative of a lack of population structure, since the 
CDA model was unable to accurately sort the accessions into their corresponding subpopulations or 
assigned accessions to wrong subpopulations (Table B7A).  
In addition to population structure at the subpopulation level, a CDA was used to compare the 
two larger lineages of rice, japonica relatives and indica relatives. The japonica relatives group consisted 
of tropical japonica, temperate japonica, and aromatic accessions. The indica relative group consisted of 
indica and aus accessions. There was only one canonical correlation group, so the subpopulations could 
only be plotted against this one variable (Figure 7B.) While this figure displays some overlap between 
the two lineage groups, the error count displays for the two lineages that there may be some population 
structure since the rate more closely resembles the expected proportions of accessions per 
subpopulation (labeled “prior”) (Table B7A). These results are somewhat inconclusive but suggest the 
presence of population structure at the level of the japonica-indica split.  
From the analysis of the principal components it was found that the subpopulations or lineages 





(Table B7B, Figure B7A, B7B) and PC 1 for the CDA between lineages (Table B7B). Indicating that the 
traits that influence the principal components varied significantly between the subpopulations or 
lineages. A mean discrimination of the PCs with significant differences is provided in (Table 9c, indicating 
that tropical japonica made the largest contribution to the PC in both PC 1 and 4. Meanwhile, japonica 



















Figure 6A, 6B. Figure 6A represents the biplot of the 8 principal components per accession plotted and 
organized by subpopulation. Each axis represents a canonical correlation as determined by the canonical 
discrimination analysis (CDA). Figure 6B represents the plotting of the 8 principal components per 
accessions within the two larger lineages, japonica and indica, against a singular canonical correlation. 
For this CDA there was only one canonical correlation that was generated. In both of these graphs 









The results from this study show that there are significant differences between individual 
accessions for photosynthetic traits, with accessions identified that displayed higher and lower levels of 
photosynthetic efficiency. Additionally, this study shows that there are many accessions that outperform 
IR64 for numerous photosynthetic traits and that there are accessions that display favorable trait 
combinations that may lead to higher iWUE, NUE, and overall photosynthetic efficiency. Furthermore, it 
was found that there are significant differences between the five subpopulations, although notably, 𝐴𝑠𝑎𝑡 
did not differ significantly. Lastly, the results from this study indicate no evidence for discrete population 
structure between subpopulations, but there may be structure present at the lineage level between 
japonicas and its close relatives and indica and its close relatives. This wealth of diversity can be 
incorporated into breeding programs to improve photosynthetic efficiency while also making use of 
more landrace germplasm.  
 
Variation in photosynthesis between accessions and subpopulations 
This study shows that there is an abundance of variation for almost all 29 traits that were 
phenotyped and that rice could be improved various ways by making photosynthesis more efficient, 
included but not limited to: improving intrinsic water use efficiency, improving components of 
photosynthesis affecting electron transport and regeneration of RuBP, or improving leaf nitrogen uptake 
and usage – due to the large amount of variation for these key traits.  
Various studies utilizing simulated data have shown the ability to improve crop productivity by 
increasing photosynthesis. Yin and Struik found that crop mass production could be improved by more 
than 50% by incorporating a mechanism combining low ATP cost cyanobacterial carbon concentrating 





Smaller improvements of less than 10% could also be achieved by improving mesophyll conductance, 
Rubisco specificity, and engineering cyanobacterial bicarbonate transporters (Yin and Struik, 2017). 
Other simulations have asserted that converting rice to utilize C4 photosynthesis can result in increases 
of photosynthetic efficiency by 50% while improving iWUE by 84% and NUE by 180% (Hibberd et al., 
2008; Mitchell and Sheehy, 2006). In another study also featuring GECROS simulation in rice, it was 
shown that an increase in biomass of 22-29% could be achieved by an increase of 25% in 𝐴𝑠𝑎𝑡 through 
natural genetic variation in various environments (Gu et al., 2014). While the results of these prior 
studies were based off simulated data, the data set from my study show that large amounts of natural 
genetic variation can indeed be found in rice and could potentially be used for improvement of rice. The 
utilization of preexisting NGV in rice photosynthesis could result in more immediate improvements in 
photosynthetic efficiency, albeit to a lower degree than improvement through transgenic approaches.  
Many generalizations can be made about subpopulations regarding agronomic traits or 
geographic region of cultivation (Zhao et al. 2011). While it is known that generally indica varieties has 
non-sticky grain, japonica has sticky, shorter grain, and that aus varieties are more tolerant to drought, 
there has been no characterization of rice subpopulations on the basis of photosynthesis and its 
components (Zhao et al., 2011). This study was able to separate subpopulations based off patterns for 
photosynthetic traits while also understanding where the diversity seen at the accession level falls when 
put into the larger context of subpopulations. This greater understanding of subpopulation patterns in 
combination with the identification of high-performing accessions for photosynthesis show promise for 
incorporation of this germplasm into breeding programs.  
A common theme in the results of this study was that similar levels of 𝐴𝑠𝑎𝑡 could be achieved 
through a variety of different ways. This is exemplified in the subpopulation analysis where many of the 
component of photosynthesis, both biochemical and physiological, were significantly different but 





significant differences for 𝐴𝑠𝑎𝑡 between subpopulations highlights the complexity of the photosynthetic 
pathway in rice and how many different trait combinations can lead to similar overall results. These 
results also suggest that the relationships between photosynthetic components may not be as clear as 
the literature suggest. For example, as mentioned, while the correlation of 𝑉𝑐𝑚𝑎𝑥 to 𝐽𝑚𝑎𝑥 was positive, 
a higher value for 𝐽𝑚𝑎𝑥 or 𝑉𝑐𝑚𝑎𝑥 did not guarantee higher 𝐴𝑠𝑎𝑡. Likewise, higher LNC did not always 
equate with having a superior 𝐴𝑠𝑎𝑡 phenotype. 
Although traits such as iWUE and transpiration can be calculated from the same measurement 
that provides 𝐴𝑠𝑎𝑡, solely an 𝐴𝑠𝑎𝑡 measurement is not enough information to understand what is 
happening mechanistically in the plant. Two accessions could have nearly identical 𝐴𝑠𝑎𝑡 values, but vary 
significantly for different component traits that influence 𝐴𝑠𝑎𝑡. While time consuming, the most 
informative measurements are A/Ci curves, which measure the response of 𝐴𝑠𝑎𝑡 to changing Ci. With 
the development of rapid A/Cicurves, there is now the potential to phenotype 𝐽𝑚𝑎𝑥 and 𝑉𝑐𝑚𝑎𝑥 while 
utilizing less time and gaining more understanding at what is occurring biochemically in the plant 
relative to a quick, 𝐴𝑠𝑎𝑡 measurement (Stinziano et al., 2017). The implementation of these faster 
measurements could allow for more rice plants to be phenotyped for the biochemical limitations of 
photosynthesis – 𝐽𝑚𝑎𝑥, 𝑉𝑐𝑚𝑎𝑥, and TPU. This increased phenotyping ability could potentially allow for 
association mapping of these complex traits while avoiding variation in measurements due to the long 
amount of time needed to perform several A/Cicurves on a large enough sample population.   
 
The performance of IR64 and other accessions of interest 
Although IR64 was first released over 30 years ago, it is one of the most widely cultivated 
varieties in South and Southeast Asia (Palmer, 2013). IR64 has remained so popular due to its high yields 





that there are many other cultivars that outperform IR64 for different photosynthetic traits and allowed 
the identification of these more photosynthetically efficient cultivars. The fact that there are accession 
that outperform IR64 for 𝐴𝑠𝑎𝑡, 𝐽𝑚𝑎𝑥, 𝑉𝑐𝑚𝑎𝑥, and iWUE – among other traits- demonstrates that there is 
significant room for improvement for this elite variety and that it could be bred or engineered to be 
even more productive.  
More interesting still was IR64’s relationship between 𝐴𝑠𝑎𝑡 and LNC. IR64 was the accession 
with highest LNC, however, this did not translate into having the highest levels of photosynthesis. 
Nitrogen leaf content is strongly correlated with photosynthetic capacity due to Rubisco’s high demand 
for nitrogen (Walker et al., 2014). Typically, high levels of LNC are correlated with high levels of 𝐴𝑠𝑎𝑡, 
𝐽𝑚𝑎𝑥, and 𝑉𝑐𝑚𝑎𝑥 (Walker et al., 2014). Indeed, QTLs that have been associated with photosynthesis 
typically are related to the amount of leaf nitrogen, rather than a single photosynthetic component trait 
or photosynthesis as a whole (Adachi et al., 2014.) 
This lack of correlation between 𝐴𝑠𝑎𝑡 and LNC in IR64 is indicative of poor NUE, which could be 
why despite having the highest levels of LNC in both seasons it did not have the highest values for 𝐴𝑠𝑎𝑡, 
𝑉𝑐𝑚𝑎𝑥, or 𝐽𝑚𝑎𝑥. This study identified accessions such as Cheim Chanh and NSF-TV 107 that exhibited 
higher values for 𝐴𝑠𝑎𝑡 than IR64 but had lower LNC – indicating better NUE. These cultivars could be 
used to improve 𝐴𝑠𝑎𝑡 and overall photosynthetic efficiency by increasing NUE. These results reinforce 
that other factors are at play in producing high levels of photosynthetic efficiency while also reiterating 
the room for improvement of current elite varieties.  
In the results section accessions were identified of having high 𝐴𝑠𝑎𝑡 and low 𝑔𝑠. These trait 
combinations are important because they affect the amount of external inputs the plant may need in 
terms of water or CO2. Lower levels of 𝑔𝑠 are desirable because they signify less water loss in the plant, 





high enough to allow adequate CO2 concentration inside the leaf for photosynthetic processes. 
Typically, when stomatal conductance decreases, intercellular CO2 concentration decreases also, 
resulting in lower 𝐴𝑠𝑎𝑡. Since stomata are the same structure that release water vapor and allow CO2 
into the leaf it is crucial to understand the tradeoffs between stomatal conductance, water use 
efficiencies, and intercellular CO2 concentration – and how these three factors affect overall 
photosynthetic efficiency.  
Accessions were identified as having high water use efficiency without sacrificing 𝐴𝑠𝑎𝑡 relative to 
other accessions. iWUE is calculated by dividing 𝐴𝑠𝑎𝑡 by 𝑔𝑠, and as mentioned, high iWUE is typically 
associated with both lower 𝐴𝑠𝑎𝑡 and 𝑔𝑠. As severe water shortages become more probable in the near 
future, it is important to identify germplasm that naturally displays efficient water usage while 
maintaining high levels of crop productivity. Already from this data set there was a difference between 
the lowest performing to highest performing accession mean for iWUE was an increase of 69.8%, 
demonstrating yet again the amount of variation that could be utilized to improve iWUE and plant 
productivity. The genotypes Shoemed, Guemobyeo, Norin 20, and Koshihikari display this favorable 
phenotype, which could lead to a consequent decrease in water usage if incorporated into elite 
germplasm.  
Further studies on these accessions with favorable trait combinations could be conducted in the 
future to continue to optimize the relationship between 𝑔𝑠 and 𝐴𝑠𝑎𝑡. Additionally, a study could be 
conducted to improve understanding of nitrogen partitioning in elite cultivars like IR64 and accessions 








Population Structure for Photosynthetic Traits in Rice 
Previous studies that have performed either PCAs or STRUCTURE analyses on rice phenotypic or 
genotypic data have found strong evidence for the presence of population structure in rice (Zhao et al., 
2011; Garris et al., 2005). However, as previously mentioned, the majority of these studies have 
examined population structure in the context of traits related to grain quality or agronomic performance 
(Zhao et al.,2011). Typically, population structure in rice can be clearly seen in a PCA or CDA, in which 
accessions from the same subpopulation group together into discrete clusters.  
The results from the CDA showed no evidence of population structure when data were pooled 
by subpopulations. This may be because photosynthesis is such a basic process of the rice plant, that it 
may not have been strongly affected during the development of the five different subpopulations. 
However, it could be possible that photosynthesis has some form of population structure when divided 
into the two larger rice lineages, japonica and indica, as shown in the error rates presented in the 
results. This is more plausible since the differentiation of these two lineages potentially predates the 
domestication of either lineage of rice, giving each rice lineage to develop differently from each other – 
even in functions as basic and highly conserved as photosynthesis. To test this with more power in the 
future a higher number of accessions from each subpopulation or lineage should be tested with more 
rounds of measurement per trait. The limitation in this case again is phenotyping, but as more platforms 
for high throughput phenotyping in photosynthesis is developed there is more potential to fully 
understand the process and decipher any population structure that may not have been uncovered in 








Making the Case for Natural Genetic Variation  
According to the UN, the limited amount of genetic resources used globally for agriculture is one 
of the biggest threats to food security by the year 2050 (FAO, 2017). Widespread cultivation of few elite 
cultivars put agricultural operations at risk of obliteration by disease and pests or abiotic stresses from a 
changing climate (FAO, 2017). A way to combat this hurdle is by incorporating more diverse germplasm 
into breeding programs and utilizing regional varieties on a more local scale. Since only a small fraction 
of total available rice germplasm globally is widely used, it is extremely likely that there are untapped 
germplasm resources that could be equally productive or more productive for photosynthesis than 
preexisting elite varieties. However, since most of this germplasm has not been phenotyped for 
photosynthesis – or otherwise – it is difficult to know what kind of natural genetic variation is available. 
This mini panel of 44 accessions includes genotypes that are not cultivated on such a global scale as 
IR64, highlighting uncommonly cultivated germplasm that could be used to improve photosynthetic 
performance.  
Previous studies have called on the importance of understanding at utilizing natural genetic 
variation in crop plants to create more sustainable agricultural systems with increased NUE and 
dependence on non-renewable fertilizers, understand the evolutionary processes and genetic regulation 
affecting primary production, and improving overall plant productivity and yields (Nunes-Nesi et al., 
2016; Flood et al., 2011; Gu et al., 2014). This body of work adds to the understanding of photosynthetic 
NGV which could then be used to address these issues.  
Although much other work still needs to be done in terms of calculating heritabilities or 
identifying additional QTLs related to photosynthesis in rice, quantifying current genetic diversity for 
photosynthesis is the first step in understanding what diversity is present and how this diversity can be 





performance is phenotyped in order to understand what kind of variation exists. This greater 
understanding of the preexisting genetic diversity for photosynthetic traits in rice could lead to the 






















This study confirms the wealth of phenotypic diversity for photosynthetic efficiency in 
preexisting rice cultivars across from all five subpopulations of rice. Significant differences were found 
for almost all 29 traits measured between individual accessions, while significant differences were found 
between subpopulations for 23 photosynthetic traits, both physiological and biochemical. Of most 
interest are the significant differences between subpopulations for iWUE, Jmax, Vcmax and LNC. Although 
overall assimilation rates do not vary significantly between subpopulations, improving individual 
components of photosynthesis may lead to higher performing rice plants. Equally interesting was the 
compared performance between individual accessions and the control IR64. IR64 was typically  
outperformed by other genotypes for the measured photosynthetic traits. This suggests that there is still 
room for improvement of elite cultivars such as IR64, and traits that can be bettered to create a more 
productive rice plant.  
Overall, this information can be helpful to breeders that want to integrate superior 
photosynthetic traits into current, high yielding varieties to improve sustainability through increased 
water and nutrient use efficiency while also potentially increasing biomass production. In addition to 
being of use in breeding programs this study also helps set a foundation for better understanding the 
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APPENDIX A: ABBREVIATIONS  
ABBREVIATIONS 
𝐴𝑠𝑎𝑡 – CO2 Assimilation at saturating light level (𝜇𝑚𝑜𝑙 𝑚
−2𝑠−1) 
𝐶𝑖 – Intercellular CO2 concentration (𝜇𝑚𝑜𝑙 𝑚𝑜𝑙
−1) 
E – Transpiration (𝑚𝑚𝑜𝑙 𝑚−2𝑠−1) 
δ13C – carbon isotope ratio, 13C/12C expressed as per mille offset to Pee Dee Belemnite standard 
Γ – gamma, CO2 compensation point (𝜇𝑚𝑜𝑙 𝑚𝑜𝑙
−1) 
𝑔𝑠 – Stomatal conductance (𝜇𝑚𝑜𝑙 𝑚
−2𝑠−1) 
iWUE – Intrinsic water use efficiency, the ratio of A/𝑔𝑠 (𝜇𝑚𝑜𝑙 𝐶𝑂2 𝑚𝑜𝑙
−1 𝐻2𝑂) 
Jmax – maximum rate of electron transport (𝜇𝑚𝑜𝑙 𝑚
−2𝑠−1) 
LCC – Leaf Carbon content (%) 
LNC – Leaf Nitrogen content (%) 
NGV – Natural genetic variation 
NUE – Nitrogen use efficiency 
Φ – Quantum yield (dimensionless) 
Q – photon flux density (𝜇𝑚𝑜𝑙 𝑚−2𝑠−1) 
SLA – Specific Leaf Area (cm2 HSA g−1 C) 
T – Leaf temperature (degrees Celsius) 
TPU – Triose phosphate use limitation 



















Figure 7. Accessions were plotted in their respective countries of origin. Accessions are plotted in 
different colors corresponding to the subpopulation that they belong to. Some countries had multiple 
accessions from the same subpopulation, these duplicates were not included in this visual 
representation, resulting in less than 44 dots being plotted. The map on which accessions were plotted to 







Figure 8. Boxplots of 𝐴𝑠𝑎𝑡, 𝐽𝑚𝑎𝑥, and 𝑉𝑐𝑚𝑎𝑥  values for all 44 sampled accessions during the wet season. 
The boxplots are ordered by the mean values of 𝐴𝑠𝑎𝑡 and IR64 is singled out with the red arrows. For 
𝐴𝑠𝑎𝑡, 10 replicates are included. For 𝐽𝑚𝑎𝑥 and 𝑉𝑐𝑚𝑎𝑥, at least 3 replicates are included in the figure. The 






Figure 9. Boxplots of Asat values for the 44 measured accessions during both the wet and dry season. 




















Figure 10.  Autofluorescence (A) and transect microscopy (B) images of the anatomy of top performing 
photosynthetic cultivars (Chiem Chanh (10), TeQing (39)), lowest performing cultivars (Asse y Pung (4), 
Basmati (5)), and cultivars with trait combinations of interest (Black Gora (8)), and IR64 (44). These 
cross-sections of leaves show phenotypically the large amount of variation for leaf morphological traits 












Figure 11. This heatmap displays the correlations between photosynthetic traits for combined seasonal 
data (dry and wet season), with positive correlations represented in blue and negative correlations 
represented in red. The magnitude of the correlation is represented by the size of the circle, with bigger 
















Figure 12. Boxplots of subpopulations for principal components 1 and 4 that were found to have 
significant differences between subpopulations. Principal components 1 and 4 were examined in greater 
























Table 4. Full List of Accessions from Rice Diversity Panel 1 used in this study, including their 





Accession Name IRGC # Subspecies Geographic 
Region 
1 Agostano IRGC 126380 Temperate 
Japonica 
Italy 
2 NSF-TV 5 IRGC 117641 Aromatic Unknown 
3 Arias IRGC 126381 Tropical 
Japonica 
Indonesia 
4 Asse Y Pung IRGC 117643 Tropical 
Japonica 
Philippines 
5 Basmati IRGC 117652 Aromatic Pakistan 
6 Bico Branco IRGC 117658 Aromatic Brazil 
7 BJ 1 IRGC 117661 Aus India 
8 Black Gora IRGC 117662 Aus India 
9 Chau IRGC 117682 Indica Vietnam 
10 Chiem Chanh IRGC 117684 Indica Vietnam 
11 Chinese IRGC 117686 Temperate 
Japonica 
China 
12 Dee Geo Woo Gen IRGC 117705 Indica Taiwan 
13 Dhala Shaitta IRGC 117710 Aus Bangladesh 
14 Dom-sufid IRGC 117721 Aromatic Iran 
15 DV85 IRGC 117725 Aus Bangladesh 
16 Firooz IRGC 117735 Aromatic Iran 








19 Gotak Gatik IRGC 117744 Tropical 
Japonica 
Indonesia 
20 Guan-Yin-Tsan IRGC 117745 Indica China 
21 Jaya IRGC 117766 Indica India 
22 Jhona 349 IRGC 117769 Aus India 
23 Kasalath IRGC 117617 Aus India 
24 Khao Gaew IRGC 117781 Aus Thailand 
25 Kitrana 508 IRGC 117787 Aromatic Madagascar 
26 Koshihikari IRGC 117789 Temperate 
Japonica 
Japan 











Table 4 (cont.) 
29 NSF-TV 107 IRGC 117815 Tropical 
Japonica 
Unknown 
30 Moroberekan IRGC 117621 Tropical 
Japonica 
Guinea 
31 Mudgo IRGC 117818 Indica India 
32 Norin 20 IRGC 117822 Temperate 
Japonica 
Japan 
33 Phudugey IRGC 117850 Aus Bhutan 
34 Rathuwee IRGC 117859 Indica Sri Lanka 
35 Shinriki IRGC 117884 Temperate 
Japonica 
Japan 




37 Suweon IRGC 117900 Temperate 
Japonica 
Korea 
38 T 1 IRGC 117902 Aus India 
39 TeQing IRGC 117912 Indica China 
40 Taducan IRGC 117906 Indica Philippines 
41 Trembese IRGC 117921 Tropical 
Japonica 
Indonesia 
42 Pratao IRGC 117854 Indica Brazil 























Table 5. List of traits measured and statistical analysis between accessions during the dry season 
Trait Minimum Maximum Mean Median Df Pr (>F) * 
Asat 13.95 40.68 29.17 29.04 43 9.24E-08 *** 
gs 0.1756 1.48 0.7243 0.6746 43 2.20E-16 *** 
Ci  237.6 325.3 284.6 285 43 2.20E-16 *** 
E 4.124 20.8 12.33 12.05 43 2.20E-16 *** 
iWUE 18.6 83.49 43.72 43 43 1.29E-15 *** 
A/E 1.338 5.599 2.456 2.426 43 2.20E-16 *** 
Carboxylation 
Efficiency 




45.79 80.39 59.69 59.05 43 0.1915  
Jmax 73 269 164.6 163 43 8.74E-05 *** 
Vcmax 84 229 136.4 134 43 0.00606 ** 
TPU 6.1 19.6 11.15 10.95 43 0.009153 ** 
Stomatal 
Limitation (L) 
0.0517 0.3347 0.1523 0.1481 43 1.05E-10 *** 
Quantum Yield 0.03397 0.1139 0.07007 0.07001 43 0.001008 ** 
Leaf Weight 0.12 0.95 0.4177 0.375 43 <2E-16 *** 
Leaf Area 29.52 173.8 91.22 86.34 43 <2E-16 *** 
SLA 143.5 353.8 225.6 222.2 43 1.45E-08 *** 
SPAD 27.9 54.6 39.34 38.3 43 <2E-16 *** 
Chlorophyll A 97.44 462.5 256.4 250.2 43 2.03E-01  
Chlorophyll B 41.56 241.1 97.2 92.79 43 2.94E-04 *** 
Total Chlorophyll 
Content 
162.4 648.7 353.6 344 43 0.000476 *** 
Ratio Chlorophyll 
A: Chlorophyll B  
0.6018 6.307 2.812 2.792 43 0.105  
LNC 2.53 4.67 3.664 3.69 43 0.03625 * 
LCC 37.36 41.49 39.74 39.74 43 0.1136 
 
 
13C  -30.06 -27.2 -28.56 -28.54 43 0.09638  
IVD 168.9 289.8 231.4 231.2 43 9.10E-13 *** 
Leaf Thickness 62.3 146.7 95.38 91.65 43 <2E-16 *** 
Number of Major 
Veins 
3 7 4.803 5 43 0.204  
Number of Minor 
Veins 
13 31 19.28 19 43 0.0173 * 
Major:Minor Veins 
Ratio 







Table 6. List of traits measured and statistical analysis between subpopulations during the dry season 
Trait Minimum Maximum Mean Median Df Pr (>F) * 
Asat 13.95 40.68 29.17 29.04 4 0.3451  
gs 0.1756 1.48 0.7243 0.6746 4 2.18E-07 *** 
Ci  237.6 325.3 284.6 285 4 1.78E-09 *** 
E 4.124 20.8 12.33 12.05 4 9.71E-05 *** 
iWUE 18.6 83.49 43.72 43 4 1.04E-13 *** 
A/E 1.338 5.599 2.456 2.426 4   
Carboxylation 
Efficiency 
0.06416 0.2237 0.1459 0.1494 4 0.01346 * 
Compensation 
Point 
45.79 80.39 59.69 59.05 4 0.7454  
Jmax 73 269 164.6 163 4 0.1514  
Vcmax 84 229 136.4 134 4 1.55E-06 *** 
TPU 6.1 19.6 11.15 10.95 4 0.001329 ** 
Stomatal 
Limitation (L) 
0.0517 0.3347 0.1523 0.1481 4 2.08E-11 *** 
Quantum Yield 0.03397 0.1139 0.07007 0.07001 4 2.66E-05 *** 
Leaf Weight 0.12 0.95 0.4177 0.375 4 2.30E-13 *** 
Leaf Area 29.52 173.8 91.22 86.34 4 1.69E-13 *** 
SLA 143.5 353.8 225.6 222.2 4 6.84E-06 *** 
SPAD 27.9 54.6 39.34 38.3 4 3.29E-10 *** 
Chlorophyll A 97.44 462.5 256.4 250.2 4 0.003319 ** 
Chlorophyll B 41.56 241.1 97.2 92.79 4 1.59E-06 *** 
Total Chlorophyll 
Content 
162.4 648.7 353.6 344 4 7.56E-06 *** 
Ratio Chlorophyll 
A: Chlorophyll B  
0.6018 6.307 2.812 2.792 4 0.7801  
LNC 2.53 4.67 3.664 3.69 4 0.0078 ** 
LCC 37.36 41.49 39.74 39.74 4 0.00155 ** 
13C  -30.06 -27.2 -28.56 -28.54 4 0.424  
IVD 168.9 289.8 231.4 231.2 4 9.83E-10 *** 
Leaf Thickness 62.3 146.7 95.38 91.65 4 2.65E-09 *** 
Number of Major 
Veins 
3 7 4.803 5 4 0.536  
Number of Minor 
Veins 
13 31 19.28 19 4 0.03304 * 
Major:Minor Veins 
Ratio 







Table 7. List of traits measured and statistical analysis between accessions during the wet season 
Trait Minimum Maximum Mean Median Df Pr (>F) * 
Asat 12.8 38.8 26.48 27.22 43 1.26E-01  
gs 0.1469 1.696 0.695 0.6802 43 1.83E-05 *** 
Ci  206.2 325.7 288.5 290 43 2.20E-16 *** 
E 3.561 16.9 10.06 10.15 43 0.01231 * 
iWUE 1.486 36.19 30.66 30.37 43 2.20E-16 *** 
A/E 18.37 94.97 40.61 39.01 43 2.86E-12 *** 
Carboxylation 
Efficiency 
1.5 4.362 2.704 2.658 43 7.98E-05 *** 
Compensation 
Point 
44.71 64.68 53.93 53.59 43 3.67E-13 *** 
Jmax 101 242 172.5 169 43 1.62E-14 *** 
Vcmax 86 249 164.2 155 43 4.31E-12 *** 
TPU 8 17.4 12.27 11.8 43 2.00E-16 *** 
Stomatal 
Limitation (L) 
0.0115 0.2 0.109 0.1078 43 1.69E-9 *** 
Leaf Weight 0.0842 0.4856 0.2404 0.2244 43 3.74E-07 *** 
Leaf Area 16.99 108.2 52.32 48 43 1.03E-07 *** 
SLA 140 449.9 218.1 215.4 43 5.74E-05 *** 
SPAD 36.5 46.42 44.44 44.6 43 0.00507 ** 
LNC 1.89 5.21 3.855 3.82 43  
1.79E-05 
*** 
LCC 21.47 43.9 39.09 39.22 43  
4.74E-05 
*** 
















Table 8. List of traits measured and statistical analysis between subpopulations during the wet season 
Trait Minimum Maximum Mean Median Df Pr (>F) * 
Asat 12.8 38.8 26.48 27.22 4 0.19  
gs 0.1469 1.696 0.695 0.6802 4 0.000606 *** 
Ci  206.2 325.7 288.5 290 4 1.50E-14 *** 
E 3.561 16.9 10.06 10.15 4 0.00654 ** 
iWUE 1.486 36.19 30.66 30.37 4 4.38E-07 *** 
A/E 18.37 94.97 40.61 39.01 4 5.52E-05 *** 
Carboxylation 
Efficiency 
1.5 4.362 2.704 2.658 4 3.91E-08 *** 
Compensation 
Point 
44.71 64.68 53.93 53.59 4 0.247  
Jmax 101 242 172.5 169 4 0.001136 ** 
Vcmax 86 249 164.2 155 4 0.0004476 *** 
TPU 8 17.4 12.27 11.8 4 .001624 ** 
Stomatal 
Limitation (L) 
0.0115 0.2 0.109 0.1078 4 8.34E-08 *** 
Leaf Weight 0.0842 0.4856 0.2404 0.2244 4 6.47E-07 *** 
Leaf Area 16.99 108.2 52.32 48 4 1.49E-07 *** 
SLA 140 449.9 218.1 215.4 4 0.1289  
SPAD 36.5 46.42 44.44 44.6 4 0.0152 * 
LNC 1.89 5.21 3.855 3.82 4 0.1156  
LCC 21.47 43.9 39.09 39.22 4 0.000134 *** 

















Table 9. (A) displays the error count displays for CDA for between subpopulations and the two major 
evolutionary rice lineages, japonica and indica. The high rate of error and lack of correspondence with 
the original subpopulation proportions (prior) are indicative of a lack of population structur, since the 
CDA model was unable to accurately sort the accessions into their corresponding subpopulations or 
assigned accessions to wrong subpopulations. However, these error count displays for the two lineages, 
japonica relatives (temperate japonica, indica japonica, and aromatic) and indica relatives (indica and 
aus), indicate that there may be some population structure on the basis of these larger evolutionary 
lineages. The rate more closely resembles the expected proportions of accessions per subpopulation 
(prior).  (B) Displays the statistical analysis of t principal components for significant differences between 
subpopulations and lineages. (C) This table displays the mean discrimination of principal components 
found to have significant differences between either subpopulations or lineages.  
(A) Error Count Estimates 
Error Count Estimates for Subpopulations  
Aromatic Aus Indica Temperat Tropical Total 
Rate 1 1 0.5455 1 1 0.8864 
Priors 0.1364 0.2045 0.25 0.2045 0.2045  
Error Count Estimates for Lineages 
 Indica Relatives Japonica Relatives  Total 
Rate .5 .3333  .4091 
Priors .4545 .5455   
 
(B) Statistical Analysis of Principal Components 
Subpopulation Principal Components  
DF Sum of Squares Mean Square F Value Pr > F 
PC1 4 164.54998 41.137496 11.69 <.0001 
PC2 4 17.140187 4.2850468 0.9 0.4721 
PC3 4 27.588096 6.8970241 2.4 0.0668 
PC4 4 55.453974 13.863493 9.52 <.0001 
PC5 4 14.766548 3.691637 2.02 0.1103 
PC6 4 9.0689986 2.2672496 1.45 0.2367 
PC7 4 7.2541361 1.813534 1.52 0.2162 
PC8 4 0.3232699 0.0808175 0.07 0.9919 
Japonica-Indica Lineage Principal Components 
 
DF Sum of Squares Mean Square F Value Pr > F 
PC1 1 114.48841 114.48841 25.68 <.0001 
PC2 1 0.0398163 0.0398163 0.01 0.928 
PC3 1 1.9829608 1.9829608 0.6 0.4414 
PC4 1 2.7590493 2.7590493 1.06 0.3095 
PC5 1 2.0118444 2.0118444 1.01 0.3215 
PC6 1 1.0250224 1.0250224 0.62 0.4344 
PC7 1 0.0142929 0.0142929 0.01 0.9164 






Table 9 (cont.) 
(C) Mean Discrimination within Principal Components 
Significant PC Subpopulation Estimate Group 
PC1 Tropical Japonica 2.7234 A 
 Temperate Japonica 1.7381 A 
 Aromatic -0.8021 B 
 Indica -1.3476 B 
 Aus -2.2797 B 
 
   
PC4 Tropical Japonica 1.6387 A 
 Aus 0.4178   B 
 Indica 0.1569   BC 
 Aromatic -0.8857     CD 
 Temperate Japonic -1.6579       D 
 Lineage Estimate Group 
PC1 Japonica Relatives 1.4725 A 






















Table 10. This table displays the mean discrimination for accessions for (A) Asat, (B) Jmax, (C) Vcmax, (D) 
Quantum Yield, (E ) and LNC using the combined seasonal data (both dry and wet season). This mean 
discrimination output was created using Tukey’s HSD, with groupings assigned to each accession.  
(A) Mean Discrimination for Asat 
Accession Mean Group Subpopulation 
Chiem Chanh 32.32917 a Indica 
Arias 31.38302 ab Tropical Japonica 
NSF-TV 107 30.78795 abc Tropical Japonica 
Jhona 349 30.10353 abcd Aus 
NSF-TV 5 29.42264 abcd Aromatic 
Jaya 29.3873 abcd Indica 
Norin 20 29.19785 abcd Temperate 
Japonica 
Shoemed 29.07346 abcd Temperate 
Japonica 
Trembese 29.00808 abcd Tropical Japonica 
Chau 28.96986 abcd Indica 
Jefferson 28.96159 abcd Tropical Japonica 
Suweon 28.87853 abcd Temperate 
Japonica 
TeQing 28.84467 abcd Indica 
Koshihikari 28.60976 abcd Temperate 
Japonica 
T1 28.53667 abcd Aus 
Geumobyeo 28.40512 abcd Temperate 
Japonica 
Rathuwee 28.40051 abcd Indica 
Chinese 28.23944 abcd Temperate 
Japonica 
Black Gora 28.22847 abcd Aus 
IR64 28.21774 abcd Indica 
DV85 28.13989 abcd Aus 
Lemont 28.04834 abcd Tropical Japonica 
Mudgo 27.80908 abcd Indica 
Gotak Gatik 27.80031 abcd Tropical Japonica 
BJ 1 27.74423 abcd Aus 
Bico Branco 27.56299 abcd Aromatic 
Dom sufid 27.2034 abcd Aromatic 
Kitrana 508 27.19793 abcd Aromatic 
Fortuna 27.19702 abcd Tropical Japonica 
Dhala Shiatta 27.16393 abcd Aus 
Phudugey 27.1226 abcd Aus 
Moroberekan 27.00454 abcd Tropical Japonica 
Basmati 26.8676 abcd Aromatic 





Table 10 (cont.)    
Shinriki 26.66989 abcd Temperate 
Japonica 
Pratao 26.5538 abcd Indica 
Mansaku 26.38306 bcd Temperate 
Japonica 
GuanYinTsan 26.34018 bcd Indica 
Kasalath 26.11494 bcd Aus 
Firooz 25.9365 bcd Aromatic 
Khao Gaew 25.88732 bcd Aus 
Taducan 25.04365 cd Indica 
Agostano 24.9934 cd Temperate 
Japonica 
Asse y Pung 24.24759 d Tropical Japonica 
 
 
(B) Mean Discrimination for Jmax 
Accession Mean Group Subpopulation 
Chiem_Chanh 182.3333 a Indica 
NSFTV_107 179.1667 ab Tropical Japonica 
Mudgo 172.8889 ab Indica 
T1 171.1376 ab Aus 
Arias 167.2222 ab Tropical Japonica 
Koshihikari 167 ab Temperate 
Japonica 
DV85 162.4444 ab Aus 
Rathuwee 162.1774 ab Indica 
Trembese 159.3333 ab Tropical Japonica 
Khao_Gaew 158 ab Aus 
Geumobyeo 153.1667 ab Temperate 
Japonica 
TeQing 151.7778 ab Indica 
Phudugey 151.4275 ab Aus 
Gotak_Gatik 150.8889 ab Tropical Japonica 
Jaya 150.5556 ab Indica 
Moroberekan 149.6667 ab Tropical Japonica 
Domsufid 148.625 ab Aromatic 
Lemont 148.1111 ab Tropical Japonica 
Kasalath 147.2222 ab Aus 
Chau 146.8889 ab Indica 
Dee_Geo_Woo_Gen 146.3333 ab Indica 
IR64 145.691 ab Indica 
GuanYinTsan 145.6667 ab Indica 





Table 10 (cont.)    
Agostano 142 ab Temperate 
Japonica 
Black_Gora 141.3333 ab Aus 
Dhala_Shiatta 139.5 ab Aus 
Suweon 139.5 ab Temperate 
Japonica 
Taducan 138.3099 ab Indica 
Bico_Branco 138.1111 ab Aromatic 
Chinese 137.3333 ab Temperate 
Japonica 
Kitrana_508 137 ab Aromatic 
Jhona_349 136.8889 ab Aus 
Asse_Y_Pung 135.1111 ab Tropical Japonica 
Fortuna 134.1466 ab Tropical Japonica 
Shoemed 132.6667 ab Temperate 
Japonica 
Basmati 130.8889 ab Aromatic 
Norin_20 130.8333 ab Temperate 
Japonica 
Firooz 130.3333 ab Aromatic 
Mansaku 129.7778 ab Temperate 
Japonica 
Pratao 128.8889 ab Indica 
NSFTV5 126.6667 ab Aromatic 
BJ_1 122.4444 b Aus 
Shinriki 121.1667 b Temperate 
Japonica 
    
 
(C ) Mean Discrimination for Vcmax 
Accession Mean Group Subpopulation 
NSFTV_107 210.6667 a Tropical Japonica 
Chiem_Chanh 201.2222 ab Indica 
T1 193.7327 abc Aus 
Rathuwee 190.8692 abcd Indica 
TeQing 188 abcde Indica 
Koshihikari 187.6667 abcdef Temperate 
Japonica 
Arias 186.4444 abcdef Tropical Japonica 
Phudugey 184.5321 abcdef Aus 
Trembese 181.8889 abcdef Tropical Japonica 






Table 10 (cont.)    
GuanYinTsan 179.2222 abcdef Indica 
Mudgo 178.7778 abcdef Indica 
    
Jaya 178.2222 abcdef Indica 
Khao_Gaew 175.6667 abcdef Aus 
Dee_Geo_Woo_Gen 174.7778 abcdef Indica 
Kasalath 173.7778 abcdef Aus 
Jhona_349 172.1111 abcdef Aus 
IR64 171.6896 abcdef Indica 
DV85 171.4444 abcdef Aus 
Lemont 171.2222 abcdef Tropical Japonica 
Gotak_Gatik 170.7778 abcdef Tropical Japonica 
Moroberekan 168.5556 abcdef Tropical Japonica 
Jefferson 166.1667 abcdef Tropical Japonica 
Shoemed 165.6667 abcdef Temperate 
Japonica 
Chau 164.8889 abcdef Indica 
Dhala_Shiatta 164.8333 abcdef Aus 
Asse_Y_Pung 164.5556 abcdef Tropical Japonica 
Shinriki 159.5 abcdef Temperate 
Japonica 
Chinese 158.6667 abcdef Temperate 
Japonica 
Taducan 158.4686 abcdef Indica 
Domsufid 157.5 abcdef Aromatic 
Black_Gora 155.3333 abcdef Aus 
Fortuna 154.6893 abcdef Tropical Japonica 
Pratao 154.3333 abcdef Indica 
Bico_Branco 153.5556 abcdef Aromatic 
Suweon 151.5 abcdef Temperate 
Japonica 
Kitrana_508 151.1111 bcdef Aromatic 
Norin_20 148.1667 bcdef Temperate 
Japonica 
Mansaku 145.5556 cdef Temperate 
Japonica 
BJ_1 145 cdef Aus 
Firooz 144.1111 cdef Aromatic 
Basmati 140.1111 def Aromatic 
NSFTV5 136.3333 ef Aromatic 







Table 10 (cont.) 
(D) Mean Discrimination for Quantum Yield 
Accession Mean Group Subpopulation 
Jefferson 0.0867516 a Tropical Japonica 
Gotak_Gatik 0.0858339 a Tropical Japonica 
Moroberekan 0.0819942 ab Tropical Japonica 
Lemont 0.0814345 ab Tropical Japonica 
Mansaku 0.0812997 ab Temperate 
Japonica 
Agostano 0.0790684 ab Temperate 
Japonica 
Bico_Branco 0.0783521 ab Aromatic 
Chinese 0.0770243 abc Temperate 
Japonica 
Dhala_Shiatta 0.0765816 abc Aus 
NSFTV_107 0.0764397 abc Tropical Japonica 
Fortuna 0.0753438 abc Tropical Japonica 
Jhona_349 0.074076 abc Aus 
Domsufid 0.0732572 abc Aromatic 
Koshihikari 0.0732347 abc Temperate 
Japonica 
Norin_20 0.0732343 abc Temperate 
Japonica 
Trembese 0.0723328 abc Tropical Japonica 
Geumobyeo 0.0723056 abc Temperate 
Japonica 
Shoemed 0.0722969 abc Temperate 
Japonica 
BJ_1 0.0722494 abc Aus 
Shinriki 0.0720975 abc Temperate 
Japonica 
T1 0.0715055 abc Aus 
NSFTV5 0.0701892 abc Aromatic 
Kitrana_508 0.0699567 abc Aromatic 
Arias 0.0699264 abc Tropical Japonica 
Black_Gora 0.0698599 abc Aus 
Chiem_Chanh 0.0697317 abc Indica 
Pratao 0.0692323 abc Indica 
GuanYinTsan 0.0689986 abc Indica 
Mudgo 0.0682896 abc Indica 
Asse_Y_Pung 0.0679281 abc Tropical Japonica 
Kasalath 0.0671266 abc Aus 
TeQing 0.0668791 abc Indica 





Table 10  (cont.)    
Chau 0.0639572 abc Indica 
Basmati 0.0630803 abc Aromatic 
Dee_Geo_Woo_Gen 0.062804 abc Indica 
DV85 0.0627865 abc Aus 
IR64 0.0626064 bc Indica 
Firooz 0.0617674 bc Aromatic 
    
Phudugey 0.0616385 bc Aus 
Taducan 0.061317 bc Indica 
Jaya 0.0606092 bc Indica 
Rathuwee 0.0586605 bc Indica 
Suweon 0.0496554 c Temperate 
Japonica 
 
(E ) Mean Discrimination for LNC 
Accession Mean Group Subpopulation 
IR64 4.502 a Indica 
Jefferson 4.328 ab Tropical Japonica 
Suweon 4.31 ab Temperate 
Japonica 
Mudgo 4.22 abc Indica 
Trembese 4.172 abc Tropical Japonica 
Kitrana_508 4.106 abc Aromatic 
Shoemed 4.106 abc Temperate 
Japonica 
Shinriki 4.102 abc Temperate 
Japonica 
Gotak_Gatik 4.072 abc Tropical Japonica 
Jhona_349 4.066 abc Aus 
Lemont 4.04 abc Tropical Japonica 
TeQing 4.012 abc Indica 
Jaya 3.97 abc Indica 
Rathuwee 3.966 abc Indica 
Mansaku 3.954 abc Temperate 
Japonica 
Moroberekan 3.944 abc Tropical Japonica 
Basmati 3.934 abc Aromatic 
T1 3.9 abc Aus 
Norin_20 3.872 abc Temperate 
Japonica 
Firooz 3.86 abc Aromatic 
Phudugey 3.816 abc Aus 





Table 10 (cont.)    
NSFTV_107 3.772 abc Tropical Japonica 
Fortuna 3.71 abc Tropical Japonica 
Arias 3.702 abc Tropical Japonica 
Agostano 3.672 abc Temperate 
Japonica 
Chinese 3.67 abc Temperate 
Japonica 
Koshihikari 3.658 abc Temperate 
Japonica 
Dee_Geo_Woo_Gen 3.602 abc Indica 
Chiem_Chanh 3.58 abc Indica 
Dhala_Shiatta 3.522 abc Aus 
Kasalath 3.514 abc Aus 
Pratao 3.51 abc Indica 
Domsufid 3.502 abc Aromatic 
Khao_Gaew 3.468 abc Aus 
BJ_1 3.466 bc Aus 
Geumobyeo 3.46 bc Temperate 
Japonica 
DV85 3.44 bc Aus 
NSFTV5 3.394 bc Aromatic 
GuanYinTsan 3.384 bc Indica 
Asse_Y_Pung 3.374 bc Tropical Japonica 
Taducan 3.308 bc Indica 
Chau 3.26 c Indica 
















Table 11. (A) Mean discrimination between subpopulations for Asat. (B) Mean discrimination between 
subpopulations for Vcmax. (C) Mean discrimination between subpopulations for Jmax. (D) Mean 
discrimination between subpopulations for iWUE.  
(A) Mean Discrimination for Subpopulations for Asat  
Subpopulation Mean Group 
1 Tropical Japonica 28.27094 a 
2 Indica 27.96412 a 
3 Temperate Japonica 27.96358 a 
4 Aus 27.67129 a 
5 Aromatic 27.36518 a 
 
(B) Mean Discrimination for Subpopulations for 
Vcmax  
Subpopulation Mean Group 
1 Tropical Japonica 151.2043 a 
2 Indica 149.5685 a 
3 Aus 148.4145 ab 
4 Temperate Japonica 140.8431 ab 
5 Aromatic 135.0189 b 
 
(C ) Mean Discrimination for Subpopulations for Jmax  
Subpopulation Mean Group 
1 Indica 174.9178 a 
2 Tropical Japonica 173.9227 a 
3 Aus 171.5651 ab 
4 Temperate Japonica 157.1569 bc 
5 Aromatic 146.9245 c 
 
(D) Mean Discrimination between 
Subpopulations for iWUE  
Subpopulation Mean Group 
1 Temperate Japonica 46.40506 a 
2 Indica 43.12307 b 
3 Aromatic 40.76142 bc 
4 Tropical Japonica 40.60672 bc 









APPENDIX C: PHOTOS 
 
 
Photo 1. Transplanting of selected subset of Rice Diversity Panel 1 (RDP1) seedlings into 6L individual 
pots and constant flooded conditions during the dry season in 2016 at the International Rice Research 
Institute (IRRI) in the Philippines. The seeds were sown on March 15, 2016 and transplanted two weeks 
later. Each rice plant was grown in its own pot and kept in a screenhouse with no additional lighting or 
temperature control. This photograph shows kuya Gil and Liana Acevedo-Siaca transplanting seedlings 






Photo 2. Growing conditions during the dry season measurements (March – June 2016) are shown in this 
photo with pots being grown in screenhouse conditions without additional lighting or temperature 
control. Each pot was attached to a tube that provided irrigation and maintained the plants constantly 
flooded. This photo was taken at the International Rice Research Institute in the Philippines. Photo 






Photo 3. The “Plant Photo Booth” utilized to photograph each one of the mid-tillering rice plants to 
document differences in plant architecture, height, and leaf color. Photos of a representative rice plant 
were taken in May 2016 during the dry season at the International Rice Research Institute in the 
Philippines. In this photo Liana Acevedo-Siaca is pictured adjusting the camera and tripod to take a 






Photo 4. This photo shows the first round of A/Ci curves taken on mid-tillering rice plants from the 44 
accessions being studied while at International Rice Research Institute in 2016. All A/Ci measurements 
were taken between 8am – 1pm over the course of two days to avoid influence of photosynthetic 








Photo 5. This photo depicts measurements for saturated CO2 assimilation (point measurements) being 
taken in 2016 at the International Rice Research Institute (IRRI) in the Philippines. Members from the C4 
Rice Center who volunteered to help in my project made the large amount of phenotyping possible. 
Photo credit: Liana Acevedo-Siaca 
